We propose a novel approach to model investors' uncertainty using the conditional volatility of investors' sentiment. Working with weekly data on investor sentiment, six major U.S. stock indices, and alternative measures of uncertainty, we run various tests to validate our proposed measure. The estimates show that investors' uncertainty is greater during economic downturns, and it is linked with lower investors' sentiment. In addition, the results support the existence of a positive conditional correlation between sentiment and returns. This positive spillover between sentiment and returns is interpreted as a positive link between investors' uncertainty and market risk. We also find that investors' uncertainty and market risk are strongly driven by their lagged values. Our measure consistently captures periods of high uncertainty as shown by a positive and highly statistically significant correlation with other existing measures of uncertainty.
Introduction
The economics of uncertainty is of great importance in finance for both researchers and practitioners as it has helped us to understand how investors make decision in the presence of uncertainty. Following Knight (1921) that distinguished the notion of uncertainty from risk, a strand of literature emerged to conceptualize uncertainty and its impact on asset prices. 1 In the wake of the recent financial crisis, understanding investors' uncertainty and its possible link to stock market and the broader economy has gained even more attention. Ozuguz (2009) studies investors' uncertainty and stock returns by empirically examining the dynamics of investors' beliefs about the state of the economy. Anderson, Ghysels and Juergens (2009) examine the impact of risk and uncertainty on stock returns, while Pastor and Veronesi (2012 and , and Kang and Ratti (2013) investigate the role of policy uncertainty in explaining the variability of stock returns. Moreover, Bali, Brown and Tang (2014) introduce an index of macroeconomic uncertainty and examine its impact on stock returns, and Andrei and Hasler (2015) theoretically and empirically find that investors' attention and uncertainty are key determinants of asset prices.
Despite the growing evidence on the importance of uncertainty, the inherent difficulty in measuring uncertainty remains a challenge for those studying this concept. Considering that uncertainty is an intrinsically unobservable concept, prior studies have used different methods such as implied volatility of stock returns (Leahy and Whited, 1996; Bloom et al., 2007) , volatility shocks of stock returns (Bloom, 2009) , conditional volatility of Bayesian filter of macro-fundamentals (Ozugus, 2009) , conditional volatility of macro-variables using both macro and firm-level datasets (Jurado et al., 2015) , and newspaper coverage frequency of certain keywords (Baker et al., 2016) to measure uncertainty.
Our novel approach involves capturing investors' uncertainty by estimating the conditional volatility of a widely used measure of sentiment, the bull-bear spread in Investors Intelligence survey (II Sentiment). Our measure captures the dispersion in expectations of market participants, which we interpret as investors' uncertainty about the future. With this new measure, we set to study the link between investors' uncertainty and stock market risk. We measure stock market risk as the conditional volatility of major stock market indices (Center for Research in Security Prices, CRSP; New York Stock Exchange, NYSE; American Stock Exchange, AMEX; National Association of Securities Dealers Automated Quotations, NASDAQ; Dow Jones Industrial Average, DJIA; and the S&P500).
Conditional volatilities of both stock returns and sentiment are initially estimated using the popular Generalized Autoregressive Conditional Heteroscedasticity (GARCH) and GARCH-inmean models (Engle, 1982; Bollerslev, 1986 and 1987; Engle et al., 1987) . Lee, Jiang and Indro (2002) also use II sentiment in a GARCH framework to show the impact of sentiment on the conditional volatility of stock returns. 2 To study the time varying correlation between investors' uncertainty and stock market risk, we employ the Dynamic Conditional Correlation GARCH (DCC-GARCH) method (Engle, 2002) . Our data on sentiment and stock market indices goes from July 1987 through December 2012. According to National Bureau of Economic Research (NBER), there are three recession periods in our sample. Therefore, this sample period allows us to observe the dynamics of investors' uncertainty and risk during recession and non-recession periods.
2 There is a growing literature that The contribution of this paper is important as we capture the dynamics between investor's uncertainty and stock market risk. Although the conventional view in finance ignores the possible role of investors' uncertainty in an efficient market (Friedman, 1953; Fama, 1965) or capital asset pricing models assume that all investors have homogenous expectations about expected returns (Sharpe, 1964; Lintner, 1965) , the behavioral view shows that investors' uncertainty (i.e., changes in the dispersion of sentiment) or increased investors' heterogeneity can induce systematic risk (Lee, Shleifer and Thaler, 1991) and move asset prices not only in short-run but also in the long-run (Shleifer and Summers, 1990) . Our modeling approach is consistent with Black (1986) , who points out that uncertainty about the future makes financial markets imperfect and somewhat inefficient. We expect investors' uncertainty to be linked to stock market risk: uncertainty creates "noise", which stimulates investors' physiological biases (Daniel, Hirshleifer and Subrahmanyam, 1998) , making investors more prone to irrationally trade on "noise" versus information. In the presence of noise trading, prices drift further from the fundamentals (Zhang, 2006) , which results in higher liquidity in terms of trading volume (Greene and Smart, 1999) and consequently higher risk. 3 We find statistically significant conditional volatility in investors' sentiment. To the best of our knowledge we are the first to study and document the importance of this volatility. In addition, we find strong evidence that investors' uncertainty and risk have a significant positive time-varying conditional correlation across all indices. This indicates that investors' uncertainty transmits to stock market. In the presence of uncertainty, investors have higher psychological 3 Using The Wall Street Journal's "Investment Dartboard" column as a proxy for noise trading, Greene and Smart (1999) find a substantially higher trading volume for analyst recommended stocks in this column. biases (Daniel et al., 1998) , are more likely to trade irrationally, which push prices further away from fundamentals (Zhang, 2006) and consequently increase the volatility of stock market.
Our measure of investors' uncertainty is consistent with known alternative approaches to capture uncertainty. We observe a relatively high and statistically significant correlation (at the Our results are consistent with the important strand of literature that examines the impact of investors' sentiment and uncertainty on stock market. Lee et al. (2002) suggest sentiment as a significant factor in explaining the conditional volatility of stock returns. Ozuguz (2009) shows a negative relationship between investors' uncertainty and asset values. Anderson, et al., (2009) empirically examine the impact of risk and uncertainty on stock returns. After finding evidence for uncertainty-return trade-off compared to the traditional risk-return trade-off, they test how uncertainty and risk are priced in the cross section of stock returns. Pástor and Veronesi (2013) develop a general equilibrium model to show that political uncertainty commands a risk premium with a larger magnitude during economic downturns. Bali et al. (2014) find evidence of a significant negative relation between investors' uncertainty and stock returns. In addition, they argue that investors' uncertainty and negative market volatility risk premium are not the same. Andrei and Hasler (2015) show investors' attention and uncertainty increase the volatility of stock return and risk premia. In addition, our results are consistent with previous work on how risk is strongly driven by lagged values. For our measure of investors' uncertainty, the highly statistically significance of the autoregressive terms provide strong evidence of momentum in investors' uncertainty.
The remainder of the paper proceeds as follows. Section 2 describes the data while Section 3 presents the model to characterize the dynamics of sentiment and investors' uncertainty. We also propose a joint estimation of returns, sentiment, market risk, and investors' sentiment. Section 4 presents and discusses the results. Section 5 concludes.
Data
The dataset we use in this paper is obtained in weekly intervals from July 1987 through December 2012 from Datastream. We use Investors Intelligence (II), which is a widely cited measure of sentiment that collects investors' opinion every week (See, e.g., Solt and Statman, 1988; Clarke and Statman, 1988; Lee, Jiang and Indro, 2002; Brown and Cliff, 2004; Verma and Soydemir, 2006; and Johnk and Soydemir, 2015) . Every Wednesday, editors of Investors Intelligence report the percentage of bullish, bearish, or neutral investors, based on the previous Friday's newsletters' recommendations. We also obtain the returns of six major stock indices, namely, CRSP, NYSE, AMEX, NASDAQ, S&P500 and DJIA from Datastream as proxies for the overall performance of the stock market. Returns are calculated as 100 times the natural logarithm difference of indices. 4 CRSP returns are available on Professor Kenneth French's data library. 5 We use National Bureau of Economic Research (NBER) recession dummy variable obtained from the Federal Reserve Bank of St. Louis to distinguish between recession and nonrecession periods. 4 = ( − −1 ) • 100, where is the return of during week , is the index and is the natural logarithm. 5 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html Table 1 reports the descriptive statistics for II sentiment and stock indices. As reported in Panel A, CRSP, which is the proxy for the whole stock market, has the highest (0.19) and NYSE has the lowest (0.11) average returns. In terms of standard deviation, NASDAQ is the most (3.19) and AMEX is the least (2.28) volatile index. All indices are negatively skewed; CRSP has the lowest (-0.68) and AMEX has the highest (-1.93) level of skewness. All indices also have a large positive kurtosis; CRSP has the lowest (8.95) and AMEX has the highest (27.32) level of kurtosis. Panels B and C suggest higher average returns and lower volatility for non-recession periods, consistent with GARCH-in-mean literature (see, e.g., Engel, Lilien, & Robins, 1987) .
Figure 1 presents the time series graph of investors' opinion (II sentiment). Consistent with
Panels B and C, II sentiment index appears to have a lower mean and a higher volatility during recessions. This is in line with the notion that investors are more bearish during recession periods, and more important for the purpose of this paper, it shows some evidence that volatility in the sentiment can be linked to high uncertainty during these periods.
Modeling Investors' Uncertainty and Stock Market Risk

Sentiment Dynamics and Defining Investors' Uncertainty
Miller (1977, p.1151) explains that in practice the concept of uncertainty implies that reasonable men may differ in their forecasts. This idea is consistent with the construction of the sentiment index as Brown and Cliff (2004, p. 2) explain that the sentiment represents the expectations of market participants relative to a norm or average market performance: a bullish (bearish) investor expects returns to be above (below) average. Ideally at each point in time, we would like to observe the divergence of opinion across investors and then obtain a measure of investors' uncertainty based on the dispersion of opinions. However, at each time we only have a single measure of the average sentiment.
To be able to capture a measure of investors' uncertainty consistent with Miller (1977) and Brown and Cliff (2004) , we model the dynamics of the sentiment as well as its conditional volatility. The mean dynamics of the sentiment series captures the norm, or how average sentiment evolves over time, while the conditional volatility captures investors' uncertainty.
Formally, let be investors' sentiment at time as obtained by the Investors Intelligence survey (sentiment index). Then we model the mean dynamics of this sentiment index as
which is just a general form of an autoregressive moving average process of orders 1 and 2 .
The shocks to investors' sentiment have mean zero and variance 2 . Moreover, denotes the investors' (conditional) uncertainty and it is modeled as
which is the conditional volatility of .
The system of equations (1) and (2) that model the joint dynamics of investors' sentiment and investors' uncertainty can be viewed as a GARCH-in-mean process augmented with
. is an indicator variable equal to one when the economy is in an NBER recession, zero otherwise. Hence 4 is aimed to capture any potential effect of recession on investors' uncertainty. The vector of parameters ( 0 , 1 ′ , 2 ′ , 4 , 0 , 1 ′ , 2 ′ , 3 , 4 ) on equations
(1) and (2) with ′ = ( ,1 , ,2 , … , , ) and ′ = ( ,1 , ,2 , … , , ) for = 1,2 will be estimated jointly via maximum likelihood. Investors' uncertainty is interpreted as the bull-bear spread of the sentiment and captures divergence of opinion among market participants, and hence, captures investors' uncertainty about the market. 6
Figures 1 and 2 appear to suggest that both, investor sentiment and index returns, posit unusually large volatility in some periods. Hence estimation of the dynamics of the mean of any of these series is likely have heteroskedastic errors. Popular tools to model episodes of higher conditional volatility are the ARCH and GARCH models of Engle (1982) and Bollerslev (1987) .
In addition, DCC -GARCH method would be appropriate to study the link between both series in addition to modeling their volatilities.
Joint Dynamics of Sentiment, Uncertainty, Returns, and Risk
We now turn to explain how this modeling approach helps us identify the link between investors' uncertainty and stock market risk. The idea is that in addition to modeling the dynamics of sentiment and uncertainty , we can augment the model with returns and risk.
Consider the following system of two mean equations for stock return and investors' sentiment:
where is the return and as before is the sentiment. This simple vector autoregressive specification allows us to capture the joint mean dynamic of both series, while at the same time modeling heteroskedastic variances and a time dependent covariance between the error terms.
6 Newsletters employed to construct the index are written by (current or retired) sophisticated investors and market experts, hence, II bull-bear spread can be considered as a proxy for institutional investors' sentiment (Brown and Cliff, 2004) . On the other hand, newsletters recommendation are primarily targeting and influencing individual investors, hence, II bull-bear spread depicts the changing mood of individual investors (Lee, Jiang and Indro, 2002) .
Let the vector of two error terms = [ , ]′ have a conditional time-variant variancecovariance matrix given by
where we capture market risk as the conditional variance of market return, ≡ −1 ( 2 ), and as before investors' uncertainty is captured by the conditional variance of sentiment, ≡ −1 ( 2 ). We assume that the vector of error terms follow a multivariate normal distribution, | −1~( 0, ), that we use to model the dynamics of the variance-covariance matrix . For the estimation it helps to specify as
where is a (2 × 2) diagonal matrix that contains the time-varying standard deviations from univariate GARCH models with √ℎ , on the ith diagonal, for = 1,2. The main elements of interest are the off-diagonal elements of the (2 × 2) time-varying correlation matrix. We follow Engle (2002) and use a two-step approach to estimate the elements of . In the first step we use univariate GARCH models in each of the equations (3) and (4) to obtain the standard deviations in . In the second step we adjust the first step residuals using = /√ℎ , , and then use these adjusted residuals to obtain the conditional correlation coefficients. The timevarying variance-covariance matrix of is given by
This is a (2 × 2) matrix with and being non-negative scalars. We estimate equation (7) under the restriction that + < 1. ̅ is the unconditional variance-covariance matrix of and we can simply write it as ̅ = ( ′ ). This estimation does not restricts the main diagonal elements of to be equal to one. To make sure this is true, we need to rescale :
where 11, and 22, are just the diagonal elements of . Then absolute value of the offdiagonal elements of will be less than one and the diagonal elements of will be equal to one as long as is positive definite. Following equation (8), the time-varying correlation coefficients between sentiment and index returns will be the off-diagonal element of and will be given by , = , / √ , × , for , = 1,2 when ≠ .
The maximum likelihood is then given by:
where is the vector of coefficients to be estimated that belongs to the matrix , and is the vector of coefficient of interest that belongs to . In Engle (2002)'s two-step approach the first component of the right-hand side serves to estimate . Given the estimates of in the second step the estimation of comes from the second component on the right-hand side.
Empirical Results
Sentiment and Uncertainty
We start with the estimation of the dynamics of investors' sentiment in equation (1) without modeling uncertainty, i.e., is assumed to be homoscedastic and 4 is set to be equal to zero. 7 We use the Bayesian Information Criterion (BIC) to obtain the optimal orders 1 and 2 as reported in Table A .1 in the Appendix. The minimum BIC is obtained for the values of 1 = 2 and 2 = 0, and following Lo and Piger (2005) we will use those values for the rest of the paper.
Before turning to the joint estimation of equations (1) and (2) we need to test for the existence of ARCH errors in equation (1). Following the format of Breusch-Pagan test for heteroscedasticity in , Column 4 of Table 3 reports the Ljung-Box Q-statistics of the squared fitted error terms of equation (1). The relatively large Q-statistics at different displacements associated with small p-values show strong evidence to reject the null of homoscedastic errors.
We interpret this result as strong empirical support for the importance of the dynamics of investors' uncertainty .
The different columns of Table 4 report various specifications of the maximum likelihood joint estimation of equations (1) and (2). The first column shows our benchmark specification where we assume a GARCH(1,1) structure. The highly significant estimates of 1,1 and 2,1 in the variance equation provide additional support to importance of modeling investors' uncertainty. The positive estimates of 1,1 and 2,1 are consistent with the existence of a positive momentum in investors' uncertainty, meaning that greater (smaller) uncertainty in the previous period is followed by greater (smaller) uncertainty in the current period. This is also true for the sentiment equation where the sum of the autoregressive terms 1,1 and 1,2 is positive as well.
The specification in column 2 aims at testing the role of investors' uncertainty on invertors' sentiment. The negative and statistically significant (at the 10% level) 4 estimate shows that episodes in which there is higher uncertainty across investors are negatively related to investors' sentiment, making investors bearish. Column 3 tests the impact of economic cycles on uncertainty. The estimate of the coefficient on the NBER recession dummy ( 4 ) is positive and statistically significant at the 1% level, suggesting that investors' uncertainty is greater during the recession periods. As a robustness check the specification in column 4 includes both, the roles of uncertainty on sentiment, and of recessions on uncertainty. Consistent with previous results, economic downturns increase investors' uncertainty, and higher uncertainty is linked to bearish investors' sentiment. Table 5 presents the estimates of the DCC -GARCH model in which we jointly estimate equations for sentiment , uncertainty , returns , and risk . In the mean equations, the autoregressive terms for the returns ,1 are statistically significant and negative for all index returns, except for NASDAQ. A negative autoregressive term indicates the presence of momentum or positive feedback trading (Antoniou, Koutmos and Pericli, 2005) , which creates herding mentality and causes investors to buy (sell) when market inclines (declines). Momentum causes the market to further incline in booms and further decline in busts. In contrast, the autoregressive terms are statistically significant and positive for sentiment estimates of ,1 , suggesting that investors' opinion adjusts based on the market.
Sentiment, Uncertainty, Return and Risk
Consistent with the estimates of equations (1) and (2), the positive and highly significant estimates of and in the uncertainty equation across all specifications provide strong support in favor of the importance of uncertainty dynamics. The sum of the estimated coefficients of the multivariate DCC equations ( + ) is close to 1 for all of the six specifications, suggesting that the joint volatility of returns (risk) and volatility of sentiment (uncertainty) is highly persistence.
A key result from the DCC -GARCH model of sentiment and return is the positive estimates of the conditional correlations between sentiment and return. They are all positive and statistically significant across all specifications in Table 5 . This result provides strong support for the existence of volatility spillovers sentiment and return, which can be interpreted as a strong positive link between uncertainty and risk. Our findings are consistent with previous theoretical and empirical studies: investors' uncertainty creates "noise" and makes the market more liquid because some investors irrationally trade on noise as if it were information (Black, 1986) . In the presence of uncertainty, investors' physiological biases increase (Daniel et al., 1998) , pushing prices further away from fundamentals (Zhang, 2006) . Uncertainty can induce systematic risk (Lee et al., 1991) , increase the volatility of stock return (Andrei and Hasler, 2015) and command a risk premia. In their recent work, Pástor and Veronesi (2013) develop a general equilibrium model to show that political uncertainty commands a risk premium with a larger magnitude during economic downturns.
Alternative Measures of Uncertainty
As a way to provide additional validation to our measure of investors' uncertainty, we compare it against two recent and influential measures of uncertainty, namely the Macro Uncertainty measure by Jurado et al. (2015) and the Economic Policy Uncertainty by Baker et al. (2016) . In addition, we obtain the pair-wise correlation coefficients among all measures of uncertainty to further check how closely these measures are related. Table 6 presents For example, our measure of uncertainty can be employed in the study of the dynamics of alternative stock market sectors (e.g., financials, utilities, consumer discretionary), international stock indices and financial contagion (see, e.g., Chiang et al., 2007) , or to further study asymmetric effects (see, e.g., Bauwens et al., 2006) .
Conclusion
This paper sets to provide a novel approach to capture investors' uncertainty in markets. We use the (conditional) volatility in investors' sentiment to capture divergence in opinion and then estimate various volatility equations between return and sentiment using weekly data from 1987 through 2012. We employ dynamic conditional correlation analysis (DCC-GARCH) to identify a statistically significant positive correlation between investors' uncertainty and market risk. In the periods of uncertainty, as investors' opinion diverges, bull-bear spread widens. Our findings support the hypothesis that divergence of opinion is linked with higher volatility in the market, which is viewed as greater stock market risk. We also find that there is a positive feedback between lagged uncertainty and today's uncertainty. Moreover, we find that greater investors' uncertainty makes investors more bearish, and that episodes of economic downturns are characterized by greater investors' uncertainty. Mele, A., & Sangiorgi, F. (2015) . Uncertainty, information acquisition, and price swings in asset markets. The Review of Economic Studies, 82(4), 1533-1567.
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